Humans can visually recognize material categories of objects, such as glass, stone, and plastic, easily. However, little is known about the kinds of surface quality features that contribute to such material class recognition. In this paper, we examine the relationship between perceptual surface features and material category discrimination performance for pictures of materials, focusing on temporal aspects, including reaction time and effects of stimulus duration. The stimuli were pictures of objects with an identical shape but made of different materials that could be categorized into seven classes (glass, plastic, metal, stone, wood, leather, and fabric). In a pre-experiment, observers rated the pictures on nine surface features, including visual (e.g., glossiness and transparency) and non-visual features (e.g., heaviness and warmness), on a 7-point scale. In the main experiments, observers judged whether two simultaneously presented pictures were classified as the same or different material category. Reaction times and effects of stimulus duration were measured. The results showed that visual feature ratings were correlated with material discrimination performance for short reaction times or short stimulus durations, while nonvisual feature ratings were correlated only with performance for long reaction times or long stimulus durations. These results suggest that the mechanisms underlying visual and non-visual feature processing may differ in terms of processing time, although the cause is unclear. Visual surface features may mainly contribute to material recognition in daily life, while non-visual features may contribute only weakly, if at all.
Introduction
Objects are made from various materials, and correspondingly have different physical qualities, exhibiting rich and varied subjective surface features, such as glossiness, translucency, warmness, and hardness. Perception and recognition of such surface features are essential for daily life; for example, glossiness perception for fish may help determine freshness, and estimating baggage heaviness is useful for judging if it can be lifted. Different senses are useful for perceiving surface features; for example, vision is important for perceiving glossiness (Lee & Sato, 2001; Okamoto, Nagano, & Yamada, 2013) and translucency (Singh & Anderson, 2002; Fleming & Bülthoff, 2005; Xiao et al., 2014) , while tactile perception is important for perceiving hardness and heaviness (Okamoto et al., 2013; Ellis & Lederman, 1993) . Nevertheless, humans can use visual information alone to estimate surface features that are perceived predominately through touch, such as hardness. Predicting or recognizing such features before touching objects is an inevitable part of daily life. In contrast, we rarely estimate glossiness and translucency only from touch, in the absence of vision. The ability of vision to estimate different kinds of surface features is noteworthy.
Numerous recent studies have investigated the visual mechanisms involved in estimating surface features, such as glossiness, translucency, roughness, and freshness, from retinal images. Some studies suggest that simple image statistics may be important cues for perceiving some surface features like glossiness (Motoyoshi, Nishida, Sharan, & Adelson, 2007; Sharan, Li, Motoyoshi, Nishida, & Adelson, 2008) , but others suggest that material perception is not simple, and requires more complicated analysis of scenes, such as assessing three-dimensional spatial structures (Anderson & Kim, 2009; Kim & Anderson, 2010; Marlow, Kim, & Anderson, 2012 et al., 2013) . At minimum, simple image statistics appear to have a strong influence on surface feature perception even if the visual system does not rely on such simple statistics alone.
In addition to perceiving individual surface features, humans easily visually recognize material categories, such as stone, wood, and paper, even though one might intuit such material categorization to be a more difficult task. In material categorization, vision seems to play an important role, as it does in surface feature perception. Although there are but few studies on material category recognition, psychophysical experiments by Sharan, Rosenholtz, and Adelson (2014) showed that human observers can detect pictures of objects made of target material categories, like paper or plastic, in rapid successive picture streams, even when each image was only presented for 40 ms. Their results support the existence of dedicated mechanisms in the visual system for detecting material properties and surface features from retinal images. In contrast, Wolfe and Myers (2010) found that material search performance was not efficient in human observers, suggesting that mechanisms for extracting material features may differ from those involved in detecting basic visual attributes, like color and orientation, at least in terms of their ability to guide attention.
How does the visual system recognize object material categories from retinal images? Sharan et al. (2014) showed that simple image manipulations, such as blurring and eliminating colors, did not have large effects on material category detection. In addition, Liu, Sharan, Adelson, and Rosenholtz (2010) calculated different kinds of low-and mid-level image features such as color and local curvature in many images of different types of objects, and then let a Bayesian model learn an optimal combination of calculated features to classify image material categories. Their results showed reasonably good classification performance in the trained system (maximum of 44.6% accuracy for a 10-category image set). However, performance was still much worse than human performance, although different learning approaches have increased performance substantially (e.g., performance has increased from 44.6% in Liu et al. to 60.6% in Sharan, Liu, Rosenholtz, & Adelson, 2013) . Given these previous reports, low-and mid-level image features simply calculated from retinal images do not seem to be sufficient for recognizing material categories.
In contrast, perceptual surface features may be more strongly associated with material category recognition. Fleming, Wiebel, and Gegenfurtner (2013) obtained ratings of perceptual material features with rating experiments in 130 images of objects made from one of ten material categories such as fabric and paper. Ratings of nine features, such as glossiness, transparency, and roughness, were obtained. Then, they analyzed relationships between ratings of surface features and material categories. Their results showed that the material categories were well clustered in a two-dimensional space based on two principal components, suggesting that perceptual surface features are related to material categorization. Hiramatsu, Goda, and Komatsu (2011) also measured similar perceptual surface features in computer-graphics images with different material categories and found results similar to Fleming et al. In addition, Hiramatsu et al. conducted fMRI experiments and showed that the representation of material information varies from early visual areas to higher-order ventral visual areas; activity in V1/V2 was correlated with low-level image statistics, while activity in FG/CoS, a higher-order area in the ventral visual cortex, correlated with perceptual ratings of surface features. Moreover, the categorical structure of the materials was only observed in FG/CoS activity. Similar results have been obtained in fMRI experiments with macaque monkeys (Goda, Tachibana, Okazawa, & Komatsu, 2014) .
From these previous results, more precise investigation of the relationship between perceptual surface features and material category recognition is of interest. For example, glossiness seems to be processed without requiring material category recognition, while heaviness estimation may rely on such recognition. These differences, if they are robust, may be reflected in differences in temporal aspects of perception of these surface features. In this study, we aimed to compare temporal aspects of perception for different surface features by focusing on the relationship between perceptual surface features and material category recognition, because these temporal properties may provide insight into image processing differences between surface features. First, material categorization reaction time was measured and its correlation with ratings of perceptual surface features was analyzed. Second, effects of stimulus presentation duration on material categorization performance were investigated similarly. The results of both experiments showed largely different temporal properties between surface features that seem to be predominately obtained from vision and those predominately from touch.
Experiment 1: ratings of surface features
To investigate the relationship between material category recognition and perceptual surface features, it is essential to quantify surface feature perception. This was accomplished in Experiment 1 by using a simple rating method. This experiment was similar to that of Fleming et al. (2013) .
Methods

Material samples and photography
Perception and recognition of material and surface features are known to be affected by various factors, such as relief of threedimensional structure of objects (Ho, Landy, & Maloney, 2008) and illuminations fields (Fleming, Dror, & Adelson, 2003) . Therefore, surface feature perception of pictures of natural objects photographed in different environments (e.g., the Flickr Material Database used by Sharan et al., 2014) can be affected by factors other than material properties themselves. To avoid such effects, we created a set of material samples with common macro threedimensional shapes. We selected the materials from commercial catalogs and then asked a company, Takei Scientific Instruments, to form them into the same macro three-dimensional shape. Fig. 1(a) shows pictures of some samples (all samples are shown in Appendix A). The samples were 10 cm Â 10 cm when viewed from above, and had a waveform shape on the upper surface. They were made of materials from seven categories: glass, metal, stone, wood, plastic, leather, and fabric. There were 20 samples per material category, with the exception of the stone category, which only had 11 samples. Thus, we had a total of 131 samples.
To accurately control stimulus presentation duration, we used pictures of the samples photographed under a common illumination environment composed of two artificial solar lights and a diffuser panel (SERIC SF-902W). The samples were photographed using a digital camera (NIKON D700), whose position, shooting angle, exposure, diaphragm, and white balance were fixed. The pictures in Fig. 1(a) were photographed in this manner. Because the CRT monitor used in our experiments had low dynamic range and therefore could not present high dynamic range images, three simulated exposures (1/15, 1/30, and 1/60 s) were used in formation of bitmap images. Images of each sample at three different exposures were used as stimuli in all experiments.
Apparatus
The stimuli were presented on a CRT monitor (TOTOKU CV722X, 800 Â 600 pixels, 75 Hz) connected to a Cambridge Research Systems ViSaGe. The gamma curves of the RGB phosphors in the CRT were linearized with a Cambridge Research Systems ColorCAL II. MathWorks MATLAB running on Windows XP controlled experimental procedures and recorded observers' responses, which were obtained via a numerical keypad. The observers viewed the stimuli binocularly in a dark room at a distance of 66 cm from the CRT screen, with their heads fixed by a chin rest.
Stimuli
A diagram of one stimulus is shown in Fig. 1(b) . Each stimulus was divided into four regions. Three of the four regions showed pictures of the same sample with different simulated exposures: exposure of 1/15 s in the upper left, 1/30 s in the lower left, and 1/60 s in the lower right. The upper right region showed the scale for rating a surface feature in Japanese. For example, the description in Fig. 1(b) shows the rating instructions for Roughness (1: very smooth, 2: smooth, 3: a little smooth, 4: medium, 5: a little rough, 6: rough, and 7: very rough). Ratings were written in white font with luminance of 104.9 cd/m 2 . The length of the lower end of each sample picture was approximately 10 cm, similar to the actual sample size. This corresponded to 8.7 degrees of visual angle.
Surface quality features
In this experiment, observers rated the sample in the pictures on several surface features. We arbitrarily adopted nine features as rating targets (Brightness, Colorfulness, Glossiness, Transparency, Texture, Roughness, Warmness, Hardness, and Heaviness). Here, Texture denotes strength (or contrast) of wallpaper-like texture elements on an object surface. Roughness denotes bumpiness at the scale of micro-structures, because all of our objects had a common macro three-dimensional shape. These feature definitions were verbally given to observers before the experiments. These features were selected from surface features used in previous studies (Fleming et al., 2013; Hiramatsu et al., 2011) that were classified as important dimensions of surfaces (Okamoto et al., 2013) . Included were surface features whose perception seems to depend on vision and those whose perception seems to depend on touch. Because perception of the first five features is believed to rely on vision, they are referred to as ''visual features''; because the last four features seem to rely on touch, they are referred to as ''nonvisual features.''
Procedure
A stimulus was presented on the screen throughout each trial. Observers rated the sample on the surface feature described in the instructions (upper right portion of the screen) on a 7-point scale, using a numerical keyboard. When rating the sample, observers were free to look at any of the three pictures showing different exposures. Trials for the nine surface features were presented in the following order for each sample: Brightness, Colorfulness, Glossiness, Transparency, Texture, Roughness, Warmness, Hardness, and Heaviness. After the observer rated all surface features, the sample images changed to those of the next sample, and the rating task commenced. Sample order was randomized for each observer. Each observer completed 2 trials per sample Â 131 samples Â 9 surface feature conditions = 2358 trials. These trials were conducted in nine separate sessions. Before the experiment, observers saw all sample pictures to gain context for each surface quality, so that ratings would span the full available range.
Observers
Seven male and three female observers participated in Experiment 1. All had normal or corrected-to-normal visual acuity, and had normal color vision confirmed using the Ishihara Color Test. Observers were naïve to the purpose of the experiment. Written informed consent was obtained from all observers in accordance with the rules defined by the Committee for Human Research of Toyohashi University of Technology and the Code of Ethics of the World Medical Association (Declaration of Helsinki).
Results and discussion
We calculated mean ratings from 20 responses (10 observers Â 2 responses) per sample and surface feature. These mean ratings will be referred to as ''ratings.'' Fig. 2 shows the ratings for each surface feature for all samples. The ratings for all features had wide distributions across the samples. In addition, ratings for many surface features, such as Heaviness and Warmness, seem to be categorically distributed for different material categories, while ratings for a few surface features, such as Brightness and Colorfulness, were widely distributed even within a material category. Thus, perceptual surface features measured in this experiment may be related to performance in material category discrimination.
The correlation coefficients between surface feature ratings are shown in Fig. 3(a) . Some pairs of surface features, such as Glossiness and Roughness, had high correlation coefficients. These correlation coefficients reflect the physical properties of different materials. For example, glossy samples, such as glass and metal, tend to be smooth, which may be the basis of the correlation between Glossiness and Roughness. Similarly, wallpaper-like texture is observed only in the wood and stone object categories in our stimulus set, both of which were relatively rough, thus leading to the correlation between Texture and Roughness. Therefore, correlations between surface features will depend to some extent on the stimulus set. Nevertheless, these correlations are of interest in image processing for surface quality perception because surface features with high correlations may be perceived based on similar image characteristics. For example, Roughness, by which we mean bumpiness at the scale of micro-structures, may reduce the contrast and sharpness of specular highlights, leading to changes in standard deviations and skewness of luminance subbands, which can be relevant to glossiness perception (Motoyoshi et al., 2007) . If this is the case, these luminance-related image characteristics may contribute to perception of both Roughness and Glossiness. Alternatively, perception of a surface feature may contribute to perception of other features, if they are not directly based on similar image characteristics.
We conducted principal component analysis (PCA) on the ratings to examine whether they explain material category differences. The PCA results are shown in Fig. 3(b) . Proportions of variance explained by the first three components were 0.52, 0.20, and 0.16, respectively. All samples are plotted in the first and second principal components plane, first and third components plane, and second and third components plane. The data points for different material categories appear to be clustered in one of the three figures. The determination coefficient was 0.86 when the first three principal components were used, again suggesting that perceptual surface features are effective for distinguishing material categories.
The loadings for the first, second, and third principal components are shown in Fig. 3 (c). The component loadings for most surface features were rather large for one of the principal components. These results suggest that these subjective surface features have sufficient information to describe differences between material categories, and that perception of different surface features may be based on a small number of image features. Our results are consistent with previous studies that measured perceptual surface features of different material images (Fleming et al., 2013; Hiramatsu et al., 2011) . Namely, the surface features tested here, both visual and non-visual, may be candidate cues for material category discrimination. Meanwhile, a clear distinction between visual and non-visual features was not observed in the PCA results; loadings on the first and second components seem to be distributed across visual-and non-visual features, though those of the third component seem to mainly emphasize visual features.
Further comparison of our rating results with those of Fleming et al. (2013) is interesting, because both studies used some common surface features and material categories, but used completely different stimulus sets. The relative rating values between surface features in each material category (our Figs. 2 and 5 in Fleming et al.) appear to be partly similar between studies. For example, metal samples had high Glossiness and low Warmness ratings (in Fleming et al. high Coldness ratings), and stone samples had high Hardness ratings in both studies. However, there are also differences between the studies. For example, stone samples had high Roughness ratings in Fleming et al., but both low and high ratings, depending on the sample, in our study. Thus, ratings depended to some extent on the specific stimulus sets employed in the two studies. The correlations between ratings of surface features also differ between the studies. Strong correlations were common to both studies, such as between Glossiness and Roughness, and between Warmness (or Coldness) and Hardness. However, some correlations were observed only in Fleming et al., such as between Roughness and Transparency, and between Glossiness and Transparency. In contrast, the component loadings are rather similar between the studies, regardless of the differences in surface features used in the studies. Features with larger loading values on the first principal component were Glossiness, Transparency, and Roughness in both studies. In summary, there may be two types of material perception properties; those stably derived from different kinds of stimulus sets and those strongly dependent on the stimulus set. Further experiments using a wide variety of stimulus sets are necessary to examine this issue further.
Experiment 2: material category discrimination reaction time
Experiment 1 showed that surface feature ratings are potentially informative for understanding material category discrimination. However, the results do not necessarily mean that human observers rely on these perceptual surface features when recognizing object material categories. In Experiment 2, we measured reaction times (RTs) in a material category discrimination task, and investigated the relationship between performance and the ratings from Experiment 1.
Methods
Apparatus and observers
The apparatus and observers were the same as in Experiment 1. Fig. 4 shows a stimulus used in Experiment 2. Each stimulus consisted of four sample pictures: two samples (right and left columns) at two exposures each (top row: 1/15 s and bottom row: 1/ 30 s). Picture size was the same as in Experiment 1. The shortest exposure pictures used in Experiment 1 were not presented here because the display space was limited and the observers reported after Experiment 1 that they primarily used the brightest pictures in responding.
Stimuli
We used 89 of the 131 samples used in Experiment 1. Thirteen samples were arbitrarily selected for each material category (only eleven samples for the stone category) such that the samples from all material categories were uniformly distributed in the perceptual surface feature space created by the three principal component axes, as shown in Fig. 3(b) . For each material category, five samples were presented with samples from other categories, and these five samples and additional eight samples (additional six from the stone category) were presented with other samples from the same category. This resulted in 525 (= 35 C 2 À 5 C 2 Â 7) sample pairs showing different material categories (different-category pairs) and 523 (= 13 C 2 Â 6 + 11 C 2 ) sample pairs showing the same material category (same-category pairs). Thus, if stimuli were randomly presented, there was near equal probability of a same-category or different-category pair.
Procedure
Each trial consisted of a stimulus presented for 500 ms, followed by a white central fixation on a black background. Observers were asked to judge as quickly and accurately as possible whether the stimulus showed a different-category or same-category pair. After the response, the fixation cross disappeared, and the next trial began. Responses, and RTs from stimulus onset, were recorded.
There were four trials per sample pair (525 different-category pairs, 523 same-category pairs) for a total of 4192 trials. Trials were conducted over eight sessions. The presentation order of sample pairs was randomized within and between sessions for each observer.
Results and discussion
Accuracy (i.e., correct response probability) across all observers and stimuli was 88.4%. The task was easy for most sample pairs, but there were some difficult different-category pairs. For example, it was difficult to judge material categories for some transparent glass and plastic samples because both looked like glass materials in these pictures.
In addition to accuracy, RTs reflect how easy material discrimination was; shorter RTs demonstrate that the stimulus pair was easier to discriminate than material pairs associated with longer RTs. Thus, we employed reciprocals of RTs (1/RTs) measured only in correct response trials as indices of task easiness. In addition, trials with 1/RTs larger than 5 (i.e., RTs shorter than 200 ms) or smaller than 1/3 (i.e., RTs longer than 3000 ms) were considered error trials, and excluded from analyses (0.16% of correct response trials). Fig. 5(a) shows a histogram of 1/RTs averaged across observers and repetitions for all sample pairs. First, the values are normally distributed, in contrast to the negatively-skewed untransformed RTs (data not shown). Thus, 1/RTs are more appropriate for analyzing task performance than RTs. Second, because the stimulus disappeared 500 ms after its onset, and all mean RTs exceeded 500 ms (i.e., 1/RTs were less than 2), the stimulus would have disappeared before the response in many trials. Thus, observers may have made decisions based to some extent on their short-term memory of stimuli. This increases the difficulty of interpreting the 1/RTs. However, because there was clear variation in the values among sample pairs, ranging from 1 (i.e., 1000 ms RT) to 2 (i.e., 500 ms RT), it is clear that task easiness varied among pairs, despite the fact that predominately correct responses were generated for all of them. If surface feature perception contributes to material category discrimination, sample pairs with large differences in the surface feature ratings of Experiment 1 should be easy to discriminate, leading to large 1/RTs for these different-category pairs. The relationship between absolute rating differences for several surface features, such as Glossiness and Hardness, and 1/RTs are shown in Fig. 5(b) and (c). Surface features were weakly correlated with 1/RTs. The correlation coefficient between absolute rating differences and 1/RTs for each surface feature are shown in Fig. 5(d) . Ratings for most surface features except Brightness and Colorfulness were weakly but significantly correlated with 1/RTs. These results raise the possibility that most of the perceptual surface features used here potentially contributed to material category discrimination.
Subsequently, a multiple linear regression model was tested, using absolute rating differences between the nine surface features measured in Experiment 1 as explanatory variables, and 1/RTs from Experiment 2 as the dependent variable. The regression model provided an acceptable fit to the data (R 2 = 0.440). Standardized partial regression coefficients of the surface features are shown in Fig. 6(a) . Many visual and non-visual surface features showed significant coefficients (p < 0.05 for Glossiness, Transparency, Texture, Hardness, and Heaviness). The simple correlation coefficients between ratings and 1/RTs (Fig. 5(d) ) and regression coefficients in the multiple regression analysis (Fig. 6(a) ) exhibited different trends, especially for Roughness and Warmness. This could be caused by multicollinearity between ratings for surface features, which means high correlations between two or more explanatory variables. In the multiple regression analysis, the primary contributing feature among those showing multicollinearity typically has the largest regression coefficient, while the others have much lower coefficients. Thus, the results of the multiple regression analysis are of more interest than the simple correlations. The results raise the possibility that both visual and nonvisual surface features are related to material category judgments;
there does not seem to be a clear qualitative difference between visual and non-visual surface features. However, the relationship between ratings and material discrimination (1/RTs) may vary depending on the range of 1/RTs, reflecting differences in task easiness. To test this possibility, we tested additional multiple linear regression models within different 1/RT windows (i.e., ranges of 1/RTs). The windows were 0.4 s À1 long, occurring over the range 0.7-1.4 s À1 in 0.01 intervals. Windows ranged from 0.7 s À1 to 1.1 s À1 for the smallest 1/RTs (i.e., the slowest RTs), and from 1.4 s À1 to 1.8 s À1 for the largest 1/RTs (the fastest RTs). The standardized partial regression coefficients within the windows are shown in Fig. 6(b) . Because these regression coefficient plots are rather dense, a more easily interpreted plot was produced by fitting sixth-order polynomial functions to the coefficients using a least-squares method. Polynomial order was chosen on the basis that lower-order polynomials did not fit the data very well, and not according to any specific hypothesis. The fitted curves are shown in Fig. 6(c) . It is clear that surface features with large coefficients are strongly related to particular time windows. For example, Glossiness ratings had the largest correlation coefficients for 1/RT windows toward the right in the plot, while Heaviness ratings had the largest coefficients for 1/RT windows toward the left in the plot. That is, observers seemed to rely on different surface features depending on task easiness. The order of surface features (excluding Brightness and Colorfulness, which showed only weak correlations with 1/RT) in terms of where in the 1/RT plot their peak coefficient occurred, were from largest to smallest, Glossiness, Transparency, Texture, Hardness, Roughness, Heaviness, and Warmness. Interestingly, the first three are visual features, while the last four are non-visual features. The peaks for visual features were at 1/RTs larger than 1.3 (i.e., RTs shorter than about 800 ms), and those for non-visual features were at 1/RTs smaller than 1.3 (i.e., RTs longer than about 800 ms). The visual features intuitively seem to have advantages over the nonvisual features in our experiments, since both visual and nonvisual features were assessed only from visual information. These results are consistent with this intuition. Visual features might allow faster material category recognition than non-visual features because the former can be extracted faster, or alternatively because visual features have a particularly strong connection to material category recognition.
It is important to note regression analysis cannot clarify directionality or causal connections between surface feature perception and material category discrimination. For example, although Warmness was strongly correlated with small 1/RT values (i.e., long reaction times), sample pairs with similar visual surface features that required more time for discrimination may have differed in Warmness by chance, without necessarily depending on Warmness perception for responses. If this is the case, such non-visual surface features may have been recognized based on material knowledge after material category recognition. Our results cannot clearly distinguish between these possible explanations.
Experiment 3: effect of stimulus duration on material discrimination
In addition to RTs, effects of stimulus duration can also provide important insights into the temporal mechanisms involved in psychophysical tasks. For example, effects of stimulus duration could reflect the amount of image information necessary for the task. Here, we examined effects of stimulus duration on material discrimination performance.
Methods
Apparatus and observers
The apparatus was the same as in Experiments 1 and 2. Six male observers participated in Experiment 3. All observers had normal or corrected-to-normal visual acuity, and had normal color vision confirmed with the Ishihara Color Test. Observers were naïve to the purpose of the experiment. One observer had also participated in Experiments 1 and 2.
Stimuli
The sample pairs used as stimuli were a subset of those in Experiment 2. An equal number of same-category and differentcategory pairs were selected. The four different-category pairs with the largest mean 1/RTs and the four different-category pairs with the smallest mean 1/RTs in Experiment 2 were used, resulting in 168 different-category pairs (21 category combinations Â 8 pairs). Similarly, the twelve same-category pairs with the largest mean 1/RTs and the twelve same-category pairs with the smallest mean 1/RTs were used, resulting in 168 same-category pairs (7 category combinations Â 24 pairs). Thus, there were 336 sample pairs in total.
In contrast to Experiment 2, each stimulus contained two pictures of different samples with 1/15 s exposure. The two pictures were presented centered vertically on the right and left of the screen. Picture size was the same as in Experiments 1 and 2. The pictures with 1/30 s (shorter) exposures were omitted from Experiment 2 because it was difficult for observers to see many pictures in the limited stimulus durations of Experiment 3.
Procedure
The procedure was similar to Experiment 2, except that stimulus duration was limited and a noise mask image was presented immediately after the stimulus. A trial sequence is shown in Fig. 7 . In each trial, a stimulus pair was presented to the observer after he/she pressed a key. The stimulus was presented for 30, 40, 50, 70, or 100 ms, and then two random mask images were presented at the locations of the sample pictures. Mask images were jumbled 11.2 degree Â 11.2 degree images composed of 15 Â 15 elements randomly clipped from the set of all sample pictures. A white fixation cross was presented at the center of the screen throughout the trial. After stimulus presentation, observers were required to judge as accurately as possible whether the material categories of the pair were the same or different. Unlike Experiment 2, in Experiment 3 response speed was not emphasized because we were not interested in reaction times. Stimulus duration was randomized in each experimental session. Each session included one trial per sample pair. Half of the sample pairs were randomly selected for each session. Thus, there were 840 trials (336/2 samples Â 5 durations) per session. Observers completed two trials for each sample pair and stimulus duration combination over four sessions. Thus, there were 12 trials (6 observers and 2 trials) for each sample pair at each duration.
In addition, trials where stimuli were presented until a response was obtained were included. The same 336 sample pairs were used as stimuli. Observers responded twice per sample pair, as in the limited-duration experiment. The unlimited-duration trials were presented in two separate sessions that included one trial per sample pair.
Results and discussion
Accuracy as a function of stimulus duration is shown in Fig. 8(a) . As expected, accuracy for both different-category and same-category pairs increased as stimulus duration increased, although overall accuracy was higher for different-category than same-category pairs. In Fig. 8(a) , the proportion correct for different-category pairs and (1 -proportion correct) for same-category pairs denote probabilities of making ''different'' responses. Similarly, (1 -proportion correct) for different-category pairs and the proportion correct for same-category pairs denote probabilities of making ''same'' responses. ''Different'' response probabilities are larger than ''same'' response probabilities, suggesting that observers had a bias to respond ''different''. In addition, accuracy was much lower for 100 ms stimulus exposure than unlimited stimulus duration. The amount of image information available within 100 ms may have been insufficient for material discrimination.
Here, as in Experiment 2, we focused on the results for different-category pairs. Fig. 8(b) shows sample frequencies within different accuracy windows, each with a width of 0.1. In addition, accuracy for some sample pairs are shown as examples. Clearly, accuracy was high for some sample pairs even for durations as short as 40 ms, while accuracy for other samples was low even for the longest duration. These results indicate that accuracy for short stimulus durations largely depended on the sample; some critical image features for material category discrimination may be derived even at the shortest duration for some sample pairs. If the perceptual surface features assessed in Experiment 1 are important for material discrimination, those that can be processed very quickly may be highly correlated with material discrimination performance. Fig. 9 shows correlation coefficients between absolute rating differences measured in Experiment 1 and material discrimination accuracy for different-category pairs in Experiment 3, as a function of stimulus duration. Visual features, except Brightness and Colorfulness, were highly correlated with material discrimination performance, even for short durations (e.g., 40 ms). In contrast, some non-visual features, like Hardness and Heaviness, had almost no correlation with material discrimination performance, even at the longest stimulus duration. Interestingly, even these non-visual features show high correlations, similarly to visual features, when stimulus duration is unlimited. These large differences in the effects of stimulus duration suggest that longer stimulus durations are necessary for some non-visual features to be related to material discrimination performance, as compared to visual features. Even the high correlations for Roughness and Warmness may have been driven by their similarity to Glossiness, as shown in Fig. 3(a) .
There are several possible explanations for the effects of stimulus duration. One possibility is that the amount of image information required for extracting perceptual surface features may differ between visual and non-visual features. Alternatively, non-visual features may not contribute to material category discrimination, but may be estimated after material categories are recognized. Unfortunately, like the effects of 1/RT in Experiment 2, our data cannot distinguish between these possibilities.
Several studies have investigated the recognition of briefly presented natural scenes. For example, Greene and Oliva (2009) est, was shown, and for tasks involving global-property classification, such as judgment of concealment, naturalness, or temperature. Interestingly, thresholds varied more for global-property tasks than for basic-level categorization tasks. This is of interest because such thresholds may reflect that the visual information needed to perform the tasks is available from short exposure images. Measurement of similar thresholds for our visual-and non-visual features may help us to understand the image processing mechanisms underlying our results in Experiment 3.
General discussion
In our study, we measured two temporal aspects of material discrimination-RTs and effects of stimulus duration-in combination with rating experiments involving different kinds of perceptual surface features, to investigate the relationship between perceptual surface features and material category discrimination. Before measuring temporal properties, perceptual surface features in the sample pictures used in other experiments were quantified in a rating experiment (Experiment 1). The sample material categories were distinctly clustered in a space defined by three principal components calculated from the ratings, suggesting the sufficiency of the perceptual surface feature ratings for material category classification. These results are consistent with previous studies that measured perceptual surface features for different kinds of materials (Fleming et al., 2013; Hiramatsu et al., 2011) .
Subsequently, we measured RTs in a material discrimination task in which observers judged if two samples were made of the same or different class of materials. Relationships between 1/RTs and perceptual surface feature ratings were analyzed using a multiple linear regression model, with ratings as independent variables. Interestingly, the results showed that visual surface features such as Glossiness and Transparency, had higher standardized regression coefficients than non-visual features, like Heaviness and Hardness, for easy trials (i.e., large 1/RTs), while non-visual features had higher coefficients for difficult trials (i.e., small 1/RTs). These results suggest that either processing load or the mechanisms required for categorizing materials based on perceptual surface features differ for visual and non-visual features.
Finally, we measured material discrimination performance for stimuli presented for short durations in Experiment 3. The results showed that although performance increased with stimulus duration, correlations between performance and rating differences for surface features were high for visual features even at short durations, while they were low for non-visual features, unless the presentation duration was unlimited. These results suggest that the amount of image information required to perceive surface features, or the relationship between surface features and material category discrimination, may differ between visual and non-visual surface features.
Our results permit us to hypothesize an image-processing structure for material recognition in the visual system. Previous fMRI experiments by Hiramatsu et al. (2011) and Goda et al. (2014) suggest that information representations in low-level visual areas, which correlate well with simple image statistics, are poor at classifying material categories. In contrast, representations in higher-order ventral visual areas, which correlate well with perceptual surface features, are good at classifying material categories. These results suggest a hierarchical structure for material recognition, from simple image features to higher-order material category recognition via perpetual surface feature representations. However, these studies did not distinguish between visual and nonvisual surface features in their analyses, even though one naturally intuits different underlying mechanisms. In contrast, our results showed clear differences in temporal properties between visual and non-visual features, while no clear differences were observed in a simple rating experiment. These results suggest that these two kinds of surface features are not treated equivalently during material perception. For example, our results are consistent with the idea that not all surface features contribute to higher-order material recognition, including material category recognition, and that some features may only be recognized after material category recognition. However, our results might be explicable on the basis of slower processing for non-visual features, without any general difference in processing between types of surface features. Unfortunately, our data do not allow us to distinguish these possibilities. To clarify this issue, experiments investigating causal links between surface feature perception and material category recognition are necessary.
Analysis of material perception properties using simple image statistics is also important for understanding how material information is represented in the visual system, because it has been suggested that early visual areas represent simple image statistics (Goda et al., 2014; Hiramatsu et al., 2011) . Here, we only analyzed relationships between different psychological properties, perceptual surface features, and material category discrimination. Thus, analyzing how the image statistics of our stimuli relate to our psychophysical data would potentially provide insight into the mechanisms of material perception. For example, it may be that simple image statistics directly explain material discrimination performance without requiring perceptual surface feature representations. Recently, we began examining the relationship between perceptual surface features and simple image statistics (Koida et al., in preparation) . Our preliminary results indeed suggest that ratings for some surface features can be well explained by simple image statistics.
More work is needed to clarify the mechanisms underlying material perception. First, in addition to temporal properties of material category discrimination, as measured in this study, temporal properties of surface feature perception should be measured. For example, the ratings for visual surface features may remain stable when stimuli are presented for a short duration, while they may be quite unstable for non-visual features. Comparing the temporal properties of material category discrimination and surface feature perception may provide additional insight into the hierarchical structure of material perception. Second, the generalizability of our results should be determined using different stimulus sets. Samples in our experiments were made of different materials but had similar three-dimensional shapes, leading to, for example, specific specular reflection patterns in the sample images. These specific patterns may have made Glossiness judgments easier than in samples sets composed of different shapes, because glossiness perception changes dramatically based on three-dimensional shape and the illumination environment (Fleming et al., 2003; Ho et al., 2008) . Similarly, because it has been suggested that color is useful for categorizing specific materials or surface features (Yoonessi & Zaidi, 2010; Wiebel, Valsecchi, & Gegenfurtner, 2013) , our sample set and surface features may have been inadequate for observing effects of color information. Therefore, experiments with different shapes, illumination environments, and surface quality features are necessary to confirm the generalizability of our results regarding the temporal properties of material perception. Finally, our results cannot clearly distinguish between the possibility that visual and non-visual features differ in processing time, and the possibility that they are processed differently for material category recognition. Effects of material category recognition, which may be altered by priming effects from a preceding stimulus, on surface feature perception, should be investigated to clarify the temporal relationship between surface feature perception and material category recognition. This investigation may help us further understand the structure of visual processing involved in material perception.
